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(57) ABSTRACT

Handwriting interpretation tools, such as optical character
recognition (OCR), have improved over the years such that
OCR is acommon tool in business for interpreting typed text
and sometimes handwritten text. OCR does not apply well to
non-text-only diagrams, such as chemical structure diagrams.
A method according to an embodiment of the present inven-
tion of interpreting a human-drawn sketch includes determin-
ing a local metric indicating whether a candidate symbol
belongs to a certain classification based on a set of features.
The set of features includes, as a feature, scores generated
from feature images ofthe candidate symbol. Also included is
determining a joint metric of multiple candidate symbols
based on their respective classifications and interpreting the
sketch as a function of the local and joint metrics. Sketches
can be chemical composition, biological composition, elec-
trical schematic, mechanical, or any other science- or engi-
neering-based diagrams for which human-drawn symbols
have well-known counterparts.
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SKETCH RECOGNITION SYSTEM

RELATED APPLICATIONS

This application is a divisional of U.S. application Ser. No.
13/310,182, filed Dec. 2, 2011 which claims the benefit of
U.S. Provisional Application No. 61/459,065, filed on Dec. 3,
2010 and U.S. Provisional Application No. 61/467,268, filed
on Mar. 24, 2011.

The entire teachings of the above applications are incorpo-
rated herein by reference.

GOVERNMENT SUPPORT

This invention was made with government support under
Grant No. CMMI-0729422 awarded by the National Science
Foundation. The government has certain rights in the inven-
tion.

BACKGROUND

Sketches and diagrams are an essential means of commu-
nicating information and structure in many different domains,
and can be important parts of the early design process, where
they help people explore rough ideas and solutions in an
informal environment. Despite the ubiquity of sketches, there
is still a large gap between how people naturally interact with
diagrams and how computers understand them today.

One field where sketches and diagrams are especially
widely used is in chemistry, where the information encoded in
a diagram provides essential information about a molecule’s
identity, chemical properties, and potential reactions. When
chemists need to describe the structure of a compound to a
colleague, they typically do so by drawing a diagram. When
they need to convey the same structure to a computer, how-
ever, they must re-create the diagram using programs like
CHEMDRAW that still rely on a traditional point-click-and-
drag style of interaction. While such programs offer many
useful features and are very popular with chemists, these
CAD-based systems simply do not provide the ease of use or
speed of simply drawing on paper.

Current work in sketch recognition can, very broadly
speaking, be separated into two groups. The first group
focuses on relationships between geometric primitives (e.g.,
lines, arcs, etc.), specifying them either manually (Hammond
2006, Gross 1996, Alvarado 2004) or learning them from
labeled data (Szummer 2005, Sezgin 2008). Full citations for
these and other references are provided below. Recognition is
then posed as a constraint satisfaction problem, as in (Ham-
mond 2006, Gross 1996), or as an inference problem on a
graphical model, as in (Szummer 2005, Sezgin 2008, Alva-
rado 2004). However, in real-world sketches, it is difficult to
extract these primitives reliably. Circles may not always be
round or closed, line segments may not be straight, and stroke
artifacts like pen-drag, over-tracing, and stray ink may intro-
duce false primitives that lead to poor recognition. Further-
more, in many systems, the recognizer discards potentially
useful information in the original strokes after it has extracted
the primitives.

The second group of related work focuses on the visual
appearance of shapes and symbols. These include parts-based
methods (Oltmans 2007, Shilman et al., 2004), which learn a
set of discrimitive parts or patches for each class, and tem-
plate-based methods (Kara 2004, Ouyang and Davis 2009),
which compare the input symbol to a library of labeled pro-
totypes. The main advantage of vision-based approaches is
their robustness to variations in drawing styles, including
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2

artifacts such as over-tracing (drawing over a previously
drawn stroke) and pen drag (failing to lift the pen between
strokes). However, these methods do not model the spatial
relationships between neighboring shapes, relying on local
appearance to classify a symbol.

There have also been previous efforts to recognize chemi-
cal diagrams. A sketch-based system that helps students visu-
alize the three dimensional structure of an organic molecule is
described in Tenneson (2007). Their system was able to avoid
many of the challenges in sketched symbol detection by
requiring that all symbols be drawn using a single stroke.
Casey et al. (1993) developed a system for extracting chemi-
cal graphics from scanned documents, but their work focused
on scanned printed chemical diagrams rather than freehand
drawings. Ouyang and Davis (2007) presented a simpler
chemistry sketch recognition system that was limited to sym-
bols drawn using consecutive strokes.

SUMMARY

A method of interpreting a human-drawn sketch includes
determining a local metric indicating whether a candidate
symbol belongs to a certain classification based on a set of
features, the set of features including, as a feature, scores
generated from feature images of the candidate symbol. The
method also includes determining a joint metric of multiple
candidate symbols based on their respective classifications
and interpreting the sketch as a function of the local and joint
metrics.

The human-drawn sketch may include a plurality of
strokes. The method may include generating each candidate
symbol based on one or more of the strokes. Further, the
method may include generating the feature images based
upon stroke properties of the candidate symbols. Stroke prop-
erties can include orientations of the strokes and locations of
stroke endpoints of the candidate symbols. The method may
further include dividing the strokes in the human-drawn
sketch into line segments at corner points using a trainable
corner detector trained so that the line segments correspond to
user-intended symbols. The candidate symbols may be gen-
erated by grouping together the strokes or line segments in the
human-drawn sketch based on temporal and/or spatial rela-
tionships between the strokes or line segments.

In some embodiments, the set of features includes geomet-
ric features of candidate symbols based on the strokes or line
segments. For example, the geometric features of candidate
symbols can include, for each candidate symbol, any of a
measure of the number of strokes in the candidate symbol, a
measure of the number of segments in the candidate symbol,
a measure of the diagonal length of a bounding box of the
candidate symbol, and a measure of ink density. In an
embodiment the measure of ink density includes the cumu-
lative length ofthe strokes in the candidate symbol divided by
the diagonal length of the candidate symbol.

In the method of interpreting a human-drawn sketch, the
local metric can include a local likelihood and the joint metric
caninclude ajoint likelihood. Alternatively or in addition, the
joint metric can include a joint metric of neighboring candi-
date symbols. In an embodiment, the joint metric of the mul-
tiple candidate symbols is determined based on their respec-
tive classifications and on their spatial and/or temporal
relationships.

In some embodiments, the scores generated from the fea-
ture images include match scores, which may be determined
by comparing the feature images against a set of stored tem-
plates. The method may include, before the comparing, per-
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forming any of smoothing, down sampling, stretching, and
reducing the dimensionality of the feature images.

The method may further include using any of a graphical
model, approximate inference, exact inference, and optimi-
zation techniques to produce the interpretation of the human-
drawn sketch. Also included may be displaying the interpre-
tation of the human-drawn sketch. Further, the method may
include representing the candidate symbols with machine-
generated symbols based upon the interpretation of the
human-drawn sketch.

The human-drawn sketch can be selected from a group
consisting of: a chemical composition diagram, a biological
composition diagram, an electrical schematic diagram, a
mechanical diagram, and any other science- or engineering-
based diagram for which human-drawn symbols have well-
known counterparts.

In some embodiments, the method includes capturing the
human-drawn sketch, such as by capturing and recording
spatial and temporal occurrences of strokes as the sketch is
being drawn.

An apparatus for interpreting a human-drawn sketch
includes a processor configured to determine a local metric
indicating whether a candidate symbol belongs to a certain
classification based on a set of features, the set of features
including, as a feature, scores generated from feature images
of the candidate symbol. The processor is also configured to
determine a joint metric of multiple candidate symbols based
on their respective classifications and interpret the sketch as a
function of the local and joint metrics.

The processor may be configured to generate each candi-
date symbol based on one or more strokes of the sketch. The
processor may be further configured to generate the feature
images based upon stroke properties of the candidate sym-
bols, which may include orientations of the strokes and loca-
tions of stroke endpoints of the candidate symbols. The pro-
cessor may be further configured to divide the strokes in the
human-drawn sketch into line segments at corner points using
a trainable corner detector trained so that the line segments
correspond to user-intended symbols. Further, the processor
may be configured to generate the candidate symbols by
grouping together the strokes or line segments in the human-
drawn sketch based on temporal and/or spatial distances
between the strokes or line segments.

In some embodiments, the scores include match scores and
the processor is further configured to compare the feature
images against a set of stored templates to determine the
match scores. Further, the processor may be configured to
perform any of smoothing, down sampling, stretching, and
reducing the dimensionality of the feature images. In some
embodiments, the processor is configured to produce the
interpretation of the human-drawn sketch using any of a
graphical model, approximate inference, exact inference, and
optimization techniques.

The apparatus may include a capture unit coupled to the
processor to capture the sketch as the sketch is being drawn.
Also included may be a display unit coupled to the processor
to display the interpretation of the human-drawn sketch.

The processor may further be configured to determined the
joint metric of the multiple candidate symbols based on their
respective classifications and on their spatial and/or temporal
relationships.

An apparatus for interpreting a human-drawn sketch
includes a first determination module configured to determine
a local metric indicating whether a candidate symbol belongs
to a certain classification based on a set of features, the set of
features including, as a feature, scores generated from feature
images of the candidate symbol. Also included are a second
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determination module coupled to the first determination mod-
ule and configured to determine a joint metric of multiple
candidate symbols based on their respective classifications,
and an interpretation module coupled to the first and second
determination modules and configured to interpret the sketch
as a function of the local and joint metrics.

The apparatus may further include a generation module
coupled to at least the first determination module and config-
ured to generate each candidate symbol based on one or more
strokes of the human-drawn sketch. The generation module
can be configured to generate the feature images based upon
stroke properties of the candidate symbols, such as orienta-
tions of the strokes and locations of stroke endpoints of the
candidate symbols. The generation module can include a
segmentation module configured to divide the strokes in the
human-drawn sketch into line segments at corner points. The
segmentation module can include a trainable corner detector
configured to detect the corner points and trained so that the
line segments correspond to user-intended symbols. The gen-
eration module may be further configured to generate the
candidate symbols by grouping together the strokes or line
segments in the human-drawn sketch based on temporal and/
or spatial relationships between the strokes or line segments.

In some embodiments, the scores comprise match scores
and the apparatus further includes a comparison module con-
figured to compare the feature images against a set of stored
templates to determine the match scores. The apparatus may
further include a smoothing module coupled to the compari-
son module and configured to smooth the feature images, a
downsampling module coupled to the comparison module
and configured to down sample the feature images, a stretch-
ing module coupled to the comparison module and config-
ured to stretch the feature images, and/or a dimensionality
reduction module coupled to the comparison module and
configured to reduce the dimensionality of the feature images.

In some embodiments, the interpretation module is further
configured to interpret the human-drawn sketch using any of
a graphical model, approximate inference, exact inference,
and optimization techniques. The interpretation module can
include a representation module configured to represent the
candidate symbols with machine-generated symbols based
upon the interpretation of the human-drawn sketch.

The apparatus can further include a capture module
coupled to at least the first determination module and config-
ured to capture the sketch as the sketch is being drawn, and/or
a display module coupled to the interpretation module and
configured to display the interpretation of the human-drawn
sketch.

A computer program product includes a non-transitory
computer readable medium having computer-executable
instructions stored thereon, which, when loaded and executed
by aprocessor, cause the processor to determine a local metric
indicating whether a candidate symbol belongs to a certain
classification based on a set of features, the set of features
including, as a feature, scores generated from feature images
of'the candidate symbol; determine a joint metric of multiple
candidate symbols based on their respective classifications;
and interpret the sketch as a function of the local and joint
metrics.

A method of detecting corners in a stroke of a hand-drawn
sketch includes for each vertex in a set of vertices of a stroke,
calculating a likelihood metric that the vertex is a corner;
identifying a least likely vertex based on its likelihood metric;
classifying the least likely vertex using segmentation param-
eters learned from training data; and determining whether the
least likely vertex is classified as a corner. If the least likely
vertex is classified as a corner, the method further includes
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returning all vertices remaining in the set of vertices as cor-
ners. If the least likely vertex is not classified as a corner, the
method further includes removing the least likely vertex from
the set of vertices and repeating the calculating, identifying,
classifying, and determining.

The likelihood metric may include a measure of a cost of
removing the vertex from the set of vertices. Classifying the
least likely vertex may include applying the segmentation
parameters learned from the training data to a set of features.
The set of features can include, as a feature, the likelihood
metric. Alternatively or in addition, the set of features can
include any of a measure of a diagonal length, a measure of
ink density, a measure of the distance to the farther of two
neighboring vertices, a measure of the nearer of the two
neighboring vertices, and a measure of the sum of the dis-
tances to the two neighboring vertices. In an embodiment, the
method further includes splitting the stroke at the corners into
line segments.

An apparatus for detecting corners in a stroke of a hand-
drawn sketch includes a first determination module config-
ured to calculate, for each vertex in a set of vertices of a stroke,
a likelihood metric that the vertex is a corner; an identification
module coupled to the first determination module and con-
figured to identify a least likely vertex based on its likelihood
metric; a classification module coupled to the identification
module and configured to classify the least likely vertex using
segmentation parameters learned from training data; a second
determination module coupled to the classification module
and configured to determine whether the least likely vertex is
classified as a corner; an output module coupled to the second
determination module and configured to, if the least likely
vertex is classified as a corner, return all vertices remaining in
the set of vertices as corners; and a removal module coupled
to the second determination module and configured to, if the
least likely vertex is not classified as a corner, remove the least
likely vertex from the set of vertices and repeat the processing
of the first determination module, the identification module,
the classification module and the second determination mod-
ule.

The classification module may be further configured to
apply the segmentation parameters learned from the training
data to a set of features. The output model may include a
segmentation module configured to split the stroke at the
corners into line segments.

A method of generating match scores includes comparing
feature images of a candidate symbol against a set of stored
templates, determining match distances of the feature images
to nearest template neighbors based on the comparison, and
converting the match distances into match scores.

The stored templates may be derived from training data and
may include feature images of symbols identified in the train-
ing data. The match distances may be Euclidian distances. In
anembodiment, the set of stored templates includes classes of
templates. Determining match distances may include deter-
mining a match distance to a nearest template neighbor in
each class of templates. Alternatively or in addition, deter-
mining match distances may include using principal compo-
nent analysis to calculate principal components of the feature
images, and the match distances may be determined based on
the principal components of the feature images.

An apparatus for generating match scores includes a com-
parison module configured to compare feature images of a
candidate symbol against a set of stored templates; a deter-
mination module coupled to the comparison module and con-
figured to determine match distances of the feature images to
nearest template neighbors based on the comparison; and a
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conversion module coupled to the determination module and
configured to convert the match distances into match scores.

The set of stored templates may include classes of tem-
plates. The determination module may be further configured
to determine a match distance to a nearest template neighbor
in each class of templates. The determination module may be
further configured to use principal component analysis to
calculate principal components of the feature images, and
wherein the match distances are determined based on the
principal components of the feature images.

A method of interpreting a human-drawn chemical dia-
gram includes determining a local metric indicating whether
a candidate symbol belongs to a certain classification based
on a set of features, the set of features including, as a feature,
scores generated from feature images ofthe candidate symbol
determining a joint metric of multiple candidate symbols
based on their respective classifications; and interpreting the
human-drawn chemical diagram as a function of the local and
joint metrics.

Described herein is a new framework for automatic sketch
recognition that has many advantages. Embodiments accord-
ing to the present approach take as input a digital drawing of
a diagram and output a recognized machine understandable
structure that can then be used for other tasks (e.g., simula-
tion, analysis, or search). One advantage of this technology
over previous approaches is how it combines a rich represen-
tation of low level visual appearance with a probabilistic
graphical model for capturing high level relationships. This
dual approach allows sketch recognition apparatus and meth-
ods to be less sensitive to noise and drawing variations,
improving robustness and accuracy. Unlike some previous
methods that merely rely on local appearance to classify a
symbol, the present approach takes advantage of the context
around a symbol to facilitate the recognition task. The result
is a framework that is better able to handle the range of
drawing styles found in messy frechand sketches. It can also
handle implicit structure such as omitted carbon and hydro-
gen atoms. This new recognizer has been successfully applied
to two real-world domains, chemical diagrams and electrical
circuits (Ouyang and Davis NIPS 2009, Ouyang and Davis
2011), and can be applied to many more.

BRIEF DESCRIPTION OF THE DRAWINGS

The foregoing will be apparent from the following more
particular description of example embodiments of the inven-
tion, as illustrated in the accompanying drawings in which
like reference characters refer to the same parts throughout
the different views. The drawings are not necessarily to scale,
emphasis instead being placed upon illustrating embodi-
ments of the present invention.

FIG. 1A illustrates an example apparatus and method for
interpreting a human-drawn sketch in accordance with an
embodiment of the present approach.

FIG. 1B illustrates an example of a chemical drawing that
embodiments of the present approach are designed to recog-
nize.

FIG. 2 illustrates the recognition process according to an
embodiment of the present approach.

FIGS. 3A-B illustrate results of segment extraction on two
chemical drawings. Detected corners are shown as dots. Note
that only corners from strokes that represent straight bonds
are shown.

FIG. 4 illustrates an example segmentation component.

FIG. 5 illustrates example symbol candidates. Shown is a
set of candidates extracted from a chemical diagram and the
feature images generated for two example candidates.
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FIG. 6 illustrates an example visual component, which
generates symbols by grouping together segments that are
temporally or spatially connected.

FIG. 7 illustrates a conditional random field (CRF) graph.
The graphical model captures the contextual relationships
between the different candidates so that the classification for
a given candidate depends on the classification of its neigh-
bors.

FIG. 8 illustrates an example CRF inference component.
The CRF inference component takes all of the candidates
from the two levels (segments and symbols) and decides
which candidates are actual symbols and which are mis-
groupings using a probabilistic graphical model (a condi-
tional random field, CRF) to encode the relationships
between the candidates.

FIGS. 9A-C illustrate three pairwise relationships used in
the spatial context compatibility between segments.

FIG. 10A illustrates an example structure component.

FIG. 10B illustrates a structure generation process accord-
ing to an embodiment of the present approach.

FIG. 11 illustrates further details of the example apparatus
and method of FIG. 1A.

FIG. 12 is a block diagram of an example apparatus for
interpreting a human-drawn sketch in accordance with an
embodiment of the invention.

FIG. 13 is a block diagram of an example apparatus for
interpreting a human-drawn sketch in accordance with an
embodiment of the invention.

FIG. 14 is a block diagram of an example apparatus for
detecting corners in a stroke of a hand-drawn sketch in accor-
dance with an embodiment of the invention.

FIG. 15 is a block diagram of an example apparatus for
generating match scores in accordance with an embodiment
of the present invention.

FIGS.16A-B illustrates examples of hand-drawn electrical
circuit diagrams recognized using an embodiment of the
present approach.

DETAILED DESCRIPTION

A description of example embodiments of the invention
follows.

Described herein is a novel sketch-understanding architec-
ture that provides a more natural way to specify diagrammatic
information (such as chemical structures) to a computer. As
illustrated in FIG. 1A, an embodiment of the present
approach receives or captures from a user 10 a human-drawn
sketch 12, which is then interpreted. To preserve the familiar
experience of using pen and paper, example embodiments of
the present invention support the same symbols, notations,
and drawing styles with which people are already accus-
tomed. Unlike physical pen and paper, however, sketches
created and interpreted digitally can be readily exported 14 to
other software programs, making possible tasks like simula-
tion, visualization, and database lookup 16. Furthermore,
since the user’s input is interpreted in real-time, embodiments
of this approach can provide feedback 18 as the sketch is
being drawn as well as enable manipulation and correction.
Further details are described below with reference to FIG. 11.

Embodiments of this new framework combine a rich rep-
resentation of low-level visual appearance with a probabilis-
tic model for capturing higher-level relationships. Here,
“visual appearance” refers to a local image-based represen-
tation that preserves the pictorial nature of the ink. The term
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“higher level relationships” refers to the spatial relationships
between different symbols. Embodiments of this approach
are based on a graphical model that classifies each symbol
jointly with its context, allowing neighboring interpretations
to influence each other. Embodiments accomplish this by
combining a hierarchy of visual features using a discrimina-
tively trained conditional random field. A system according to
this approach is less sensitive to noise and drawing variations,
significantly improving robustness and accuracy. The result is
arecognizer that is better able to handle the range of drawing
styles found in messy frechand sketches.

Features of the present approach include: a symbol recog-
nition architecture that combines vision-based features at
multiple levels of detail; a discriminatively trained graphical
model that unifies the predictions at each level and captures
the relationships between symbols; a new approach to corner
detection that learns a domain-specific model of how to seg-
ment strokes; a new clustering-based procedure for inferring
the connectivity structure of sketched symbols; and a real-
time sketch recognition interface that has been evaluated by
intended end-users and compared against the most popular
existing technique for chemical diagram authoring, demon-
strating a two-fold speed advantage.

Although sketch recognition resembles object recognition
in computer vision (Murphy 2003), there are at least two
differences. First, a sketch is made up of temporally ordered
strokes (i.e., sequences of points sampled between pen-down
to pen-up) rather than pixel intensities. This means that
embodiments of the present approach can take advantage of
additional information about timing and stroke direction not
readily available from an image. Second, objects in a
sketched diagram are typically arranged in dense spatial con-
figurations. This makes it even more useful to model the
context around each symbol.

FIG. 1B illustrates an example of a chemical drawing 100
that embodiments of the present approach are designed to
recognize. The notation includes element abbreviations 102
(e.g., “N”, “O”), group abbreviations 104 (e.g., “R”), straight
bonds 106 and 112, hash bonds 108, and wedge bonds 110.
Wedge and hash bonds show the 3-D structure of a molecule:
hash bonds angle down beneath the plane, wedge bonds angle
up.

System Overview

An overview of an example system for interpreting a
human-drawn sketch according to the present approach is
shown in FIG. 2. System 200 can be divided into two stages,
atraining stage 202 and a recognition stage 204. The training
stage 202 includes the training component 208 that uses train-
ing data 206 to learn a segmentation model (segmentation
parameters) 210, a visual codebook 212, and CRF parameters
214. The recognition component 204 takes as an input 216 a
sketch (a set of input strokes) and identifies all symbols in the
sketch (e.g., elements and bonds). Recognition component
204 then interprets the connectivity of these symbols to form
a complete molecular structure, which is provided as output
226 for display, export, or further processing. In the training
stage, the system learns a statistical model for sketch recog-
nition based labeled training data. This includes learning how
to 1) break complete strokes into smaller stroke segments, 2)
identify potential symbols from the sketch based on visual
appearance, and 3 ) use the relationships between neighboring
segments and symbols to form a complete interpretation for
the sketch. In the recognition stage, the system uses this
learned model to interpret a new sketch. The recognition stage
204 includes segmentation component 218, visual compo-
nent 220, CRF inference component 222, and structure com-
ponent 224.
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Segment Extraction

The first level of the hierarchy is composed of stroke seg-
ments extracted from the sketch. These segments are gener-
ated by dividing strokes at corner points, as illustrated in
FIGS. 3A-B for two example sketches 300 and 310. Detected
corners 301 are shown as dots superimposed on chemical
diagram sketches 300 and 310. In the chemical domain, cor-
ners have a special meaning because they determine the
breaks between straight bonds. This is because chemists often
draw multiple straight bonds using a single polyline stroke, as
shown at 302 (see also 112 in FIG. 1B), relying on the reader
to infer that they are actually drawing multiple individual
bonds connected by implicit Carbons. Carbons and Hydrogen
atoms are so common in chemistry that they are typically left
out of the drawing, and are assumed to be present anywhere
that two bonds connect without an intermediate atom.

Prior work on corner detection has focused primarily on
finding well-defined corners in isolated shapes, where there is
a clear distinction between corners, curves, and lines. As seen
in FIGS. 3A-B, however, corners in real-world chemical
drawings are often messy and unclear. To deal with these
challenges, embodiments of the present approach include a
novel corner detector that learns how to segment a stroke.
Instead of forcing the developer to define thresholds and
parameters beforehand, the corner detector is trained from
labeled sketch data. This allows the detector to learn a specific
model of what it means to be for example, a corner in chemi-
cal diagrams, which may be different from what it means to be
a corner in another domain.

An illustration of a corner detector is shown in FIG. 4. For
each input stroke 402, an error value is calculated 404 for each
vertex that is a rough measure of how likely it is that the vertex
is a corner. The vertex that is least likely a corner based on its
error is found 406 and classified 408 using the segmentation
parameters 210 learned from training data. If the vertex is
classified as a corner, all remaining vertices are assumed to be
corners and the segmentation is completed 402. If it is not
classified as a corner, it is removed 410 and the process
repeated. Instead of immediately trying to decide which
points are corners, the corner detector repeatedly removes the
point that is least likely to be a corner. This process stops
when the detector decides that all of the remaining points are
likely to be corners. Specifically, the process repeatedly dis-
cards the point p, that introduces the smallest cost when
removed:

cost(p;)=Ymse(sypi_1.Di, 1) dist(psp;_1.Div1)

where s, is the subset of points in the original stroke
between point and point p,,; and mse(s;; p,_;,p,,;) 1s themean
squared error between the set s, and the line segment formed
by (0,_1s Pss1)- The term dist(p;;p,_;,p;.1) is the minimum
distance between p, and the line segment formed by (p,_;,
pi+1)'

Instead of using a hard threshold to determine when to stop
removing vertices, the corner detector learns the likelihood of
a vertex being a corner from training data. For each vertex
elimination candidate p,, (the point with the lowest cost), the
detector extracts the set of features shown in Table 1. During
classification, if the classifier decides that P,, is not a corner,
it removes the vertex and continues to the next elimination
candidate. If, on the other hand, it decides that the vertex is a
corner, the process stops and all remaining vertices are
returned as corners.
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TABLE 1

List of features for corner detection.

Feature Description

Cost The cost of removing the vertex, from
Equation 1.

Diagonal The diagonal length of the stroke’s
bounding box.

Ink Density The length of the stroke divided by the

diagonal length.

The distance to the farther of its two
neighbor (p,_, or p;, ;) normalized by the
distance between the two neighbors.

The distance to the nearer of its two
neighbor normalized by the distance
between the two.

The sum of the distances to the two
neighbors normalized by the distance
between the two.

Max Distance

Min Distance

Sum Distance

One useful feature of this approach is that in each iteration
the process makes its decision based on the set of corner
candidates that are still remaining, taking advantage of the
partial solution generated so far. To illustrate this, consider
the bottom ring 308 in diagram 300 of FIG. 3A, where there
are two high-curvature points close to each other and only one
of them, 304, is an intended corner (the other, 306, has high
curvature due to noise, acommon problem in corner detection
since noise is easily mistaken for a corner). When both high-
curvature points still remain in the polyline approximation,
removing either one of them will not change the local shape
by very much (i.e., have low cost). However, after one of them
is removed, the cost of removing the remaining point
becomes much larger. This leads to the correct behavior of
eliminating only one of the points. Of course, other features
from Table 1 will factor into the decision, so this is an illus-
trative but much simplified description.

After segment extraction, the system records the length of
the longest segment L (excluding the top 5% as outliers). This
value is later used as an estimate for the scale of the sketch.
Segment Features

In order to make predictions about each segment, the sur-
rounding patch of ink is modeled using a set of rich local
descriptors similar to those used in (Ouyang and Davis 2009).
These descriptors focus on visual appearance rather than
temporal or geometric patterns, making them less sensitive to
stroke level differences like pen-drag (not lifting the pen
between typically separate strokes) and over-tracing (draw-
ing over a previously drawn region or shading). This
improves robustness and accuracy.

An embodiment of the present approach uses four sets of
feature images to describe the local appearance around each
segment, at varying scales and orientations. The individual
feature images in each set act as orientation filters, capturing
only the ink that was drawn at a specified pen direction (at O,
45,90, and 135 degrees). For example, in the O-degree feature
image, a bright pixel indicates that the pen direction at that
point is perfectly horizontal; a dim pixel indicates that the
direction is somewhat horizontal; and a black pixel means
that there is no ink at that point or that the pen direction is
diagonal or vertical.

These descriptors can be made invariant to scale by nor-
malizing the size of the ink patch based on L. and 2L.. Also,
half of the images can be made invariant to rotation by reori-
enting them so that the direction of segment is horizontal.
This dual representation helps the system model both vari-
able-orientation symbols like bonds as well as fixed-orienta-
tion symbols like elements and group abbreviations.
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The set of visual ink features can be rendered onto four
10x10 pixel feature images. One can perform Gaussian
smoothing on each image to improve robustness and reduce
sensitivity to small distortions and noise. Each image can be
downsampled by a factor of 2 to a final size of 5x5 pixels to
improve computation speed. The result is a set of sixteen 5x5
pixel images, producing a total of 400 feature values per
segment.

In addition to these feature images, embodiments may also

12

same standard deviation of ink in both the x and y axes. As
before, each image can be smoothed and downsampled by a
factor of 2.

In addition to these five feature images, embodiments
according to the present approach include another set of four
images that describe the ink in a patch around the candidate.
These are identical to those used for segments, but are cen-
tered at the center ofthe candidate with a region size of L. The
result is a total of 600 feature image values. Embodiments

use the set of geometric properties listed in Table 2 to further 10 may also include as features the set of geometric properties
describe each segment. listed in Table 3.
TABLE 2 TABLE 3
List of geometric features for segment classification. 15 List of features for symbol candidate classification.
Feature Description Feature Description
Length The length of the segment. Stroke Count The number of strokes in the candidate
Ink Density The length of the stroke region matching the (discrete, ceiling = 10).
segment divided by the length of the 20 Segment Count The number of segments in the candidate
segment. (discrete, ceiling = 10).
Segment Count The total number of segments in the parent Diagonal* The diagonal length of the candidate’s
stroke (discrete, ceiling = 10). bounding box.
Stroke Diagonal* The diagonal length of the parent stroke’s Ink Density The cumulative length of the strokes in the
bounding box. candidate divided by the diagonal length of
Stroke Ink Density The length of the parent stroke divided by 25 the candidate.
the diagonal length of the parent stroke’s
bounding box.
Feature Image Templates
. . FIG. 6 illustrates an example visual component 220, which
Note: (*) next to a feature in Tables 2 and 3 indicates that P p
. . . . generates symbols by grouping together segments 416 that
two version of this feature may be included, one normalized 3 .
. are temporally connected (temporal grouping 602) or spa-
by L and the other un-normalized. . . . .
. tially connected (spatial grouping 604). Visual component
Candidate Symbols .
. . . . 220 takes segments 412 and input 216, e.g., a human-drawn
Symbols are the second unit of classification in the hierar- .
sketch, and generates symbol candidates 614 and segment
chy. A symbol may be defined as a group of one or more . .
S . candidates 616. As described above, the present approach
segments that represents a complete entity in the domain 35 . .
. generates sets of feature images (symbol images 606 and
(e.g., bonds, elements, etc.). In an embodiment, a procedure . . . .
. segment images 608) for each classification entity (e.g., can-
searches for candidate symbols (henceforth referred to as . .
. . . didate symbols and segments); however, embodiments of the
candidates) among groups of temporally or spatially contigu- . .
. present approach need not use the image values directly as
ous strokes. The procedure forms the set of temporal candi- . . ;
S . 40 leatures for classification. Instead, the images can be com-
dates by considering, for example, all possible sequences of . .
. . . pared against a set of stored templates taken from the training
up to n=8 consecutively drawn strokes. In an embodiment, the . .
. . L. data (e.g., visual codebook) 212, and the match distances to
procedure forms the set of spatial candidates by combining . .
. the nearest template neighbor in each class are recorded. To
groups of strokes that are close to each other. This process . .
. . . . compare respective symbol and segment features images,
starts with all possible groups of size 2 (each stroke and its . . .
. . 45 visual component 220 includes symbol matching component
nearest neighbor) and successively expands each group by -
includine th k b stroke and its 2 610 and segment matching component 612. In order to make
nelu 1ngt. © next neares.t stroke (e.g., eac stroke an 1ts. matches at the candidate level rotation invariant, 8 evenly-
nearest. neighbors, theq its 3 nea.rest neighbors, etc.). This spaced rotations of the candidate symbol (see 606) may be
expansion ends when either the size of the group exceeds @ (egted. Next, the present approach can convert these distances
spatial constraint or when the group contains more than 4 5o jnto match scores (score=1.0—distance) and use as features
stroke.:s. Thl? spatial grouping procedure allows te?mporal both the label of the nearest neighbor and the best match
gaps in candidates, so symbols need not be drawn with con- scores to each class. For example, a candidate whose nearest
secutive strokes. neighbor is an “N” (Nitrogen) symbol might have the follow-
FIG. 5 shows an example of a hand-drawn sketch 500, ing features: (nearest="N", score.N=0.7, score.H=0.5, etc.).
symbol candidates 502, and generated feature images 504 and 55  To improve the speed and memory usage of the template
506 for two example candidates 1 and 2. Notice that feature matching process described above, principal component
images 506 for the “S” (candidate 2) are stretched horizon- analysis or sub-sampling can be used to reduce the dimen-
tally to ensure equal standard deviation of ink in both axes. sionality of the feature images. For example, an embodiment
For each symbol, an embodiment of the present approach of'visual component 220 may compress the 400 image values
may generate a set of five 20x20 feature images, four orien- 60 from a segment to rincipal components. Visual compo-
y g It t of five 20%x20 feat ges, T fi gment to 256 p pal p ts. Visual p
tation filter images (at 0, 45, 90, and 135 degrees) and one nent 220 can then calculate match distances based on these
“endpoint” image (labeled “end”) that captures the location principal components rather than the original image values.
of stroke endpoints. These feature images contain on e etch Recognition Using Graphical Models
f stroke endpoints. These featu It t: ly th Sketch Recognition Using Graphical Model
strokes that belong to the candidate (unlike feature images in Embodiments use a new model for sketch recognition
the other levels, which include all the ink in a local patch). In 65 based on conditional random fields (CRFs) that combines the

order to improve robustness to differences in aspect ratio,
each candidate symbol may be stretched so that it has the

features from the two levels in the classification hierarchy. A
CRF can be seen as a probabilistic framework for capturing
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the statistical dependencies between the different entities we
wish to model (i.e., segments and candidates).

FIG. 7 shows an illustration of a CRF graph structure 700.
Circles represent label nodes (y), edges represent relation-
ships, and dark boxes represent evidence nodes (x) that con-
nect the label nodes to their corresponding features. The
nodes 702, 704, 706 in the bottom row represent labels for
segments (y,). Segments have a fixed set of possible labels
including: “bond” (straight bond), “hash”, “wedge”, and
“text.”” The “text” label temporarily condenses the specific
letters and abbreviations (e.g., “H”, “O”, “R”, “Ac”) into a
single label. When classification is finished, any candidate
symbol recognized as “text” is converted back to the letter
identity of its nearest template match.

The nodes 708, 710, 712 at the top level represent symbol
candidates (y,). Notice that the model creates one candidate
node for each segment rather than one for each candidate.
This node contains, as possible labels, all of the candidates
that the segment could belong to. During the inference pro-
cess the system chooses the best candidate for each segment
and adds the candidate to the set of final symbol detections.
For example, if the system decides that the correct label for
Y. (the candidate node for segment 2) is a “wedge” candidate
containing segments [1,2,4], then the “wedge” candidate is
added to the final symbol detections. Note that the candidate
node labels can contain multiple interpretations of each can-
didate, so 'y, , also has “hash” and “text” versions of candidate
[1,2,4] as possible labels (the “bond” label is only applied to
single-segment candidates).

The edges in the CRF model encode four types of relation-
ships between nodes:

Entity Features to Label Mapping: One can define ¢ as the
local potential function that determines the compatibility
between an entity’s features and its label. This is analogous to
a local classifier that classifies each entity independently of
the others.

Bs(Vs,i» X553 0) = Z Sk Vs> %5065k
X

Here x, , is the set of features for segment 1, y, ,is a label for
the segment, and f_ ; is a feature function defining the set of
features for a segment. Note that is linear to the parameters 0,
making the joint model (joint probability described below)
log-linear. For the candidate symbol nodes we have an analo-
gous version of this local potential function.

Ge(Veis X3 0) = Z Sk Veis Xk
X

Cross-Level Label Consistency: This is a pairwise con-
straint stating that predictions at each level need to be consis-
tent with predictions at other levels. For example, a segment
and its parent candidate should have the same label.

0, if ysi=yei

Os(Vsi» Yei) = { —inf,

otherwise

Segment to Segment Spatial Context: This pairwise rela-
tionship captures the spatial compatibility between pairs of
segments given their respective labels. This relationship
enables a system according to the present approach to classify
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each segment jointly with its context, allowing neighboring
interpretations to influence each other.

Os(Vsiv Vs jo Xsji» Xs,j3 0) = Z Sssi Us,is Vs, j» Xs,i» Xs, j)0ss
X

Here the feature function f, ; contains the 3 spatial rela-
tionships shown in FIGS. 9A-C. In the figure, v, and v, are
vectors representing segments x, and x, and v,; is a vector
from the center of v; to the center of v;. The system discretizes
f, and £, into bins of size /8 and f, into bins of size L/4.

Candidate to Candidate Spatial Context: This is a similar
relationship that captures the spatial compatibility between
pairs of symbol candidates given their respective labels. This
relationship enables a system according to the present
approach to classify each symbol jointly with the symbols
around it, further allowing neighboring interpretations to
influence each other.

Be(Veyir Ve, jo Xein Xe,j3 0) = Z Jeck Yeis Yej» Xeis X, )0
X

Note that this constraint also prevents the system from
choosing two different candidates that overlap each other
(i.e., share any of the same segments), resulting in conflicting
interpretations for those segments.

Oc(Veis Yo, j» Xejir Xe,j3 ) =
{ Pes
—inf,

Combining all of the relationships described above, the

if yei= Ye,j OF Ye,i does not overlap Yej

otherwise

o joint probability function over the entire graph is:

50

60

logP(y | x, 0) =

Z Bs(Vs,i> X535 0) + Z Be(Ye,i» Xei3 0) + Z @s(Ys,i> Yo, ) +

ieVs Ve i,jeEgc

D @usis ojs Xois X OF D @elVeis Vejs Xeis ¥ i 0) — logZ

i,jekss i,jekcc

where E__ is the set of label consistency edges from seg-
ments to symbols, E__ is the set of spatial context edges from
candidates to candidates, and E_; is the set of spatial context
edges from segments to segments. Z is a normalization con-
stant.

FIG. 8 illustrates an example CRF inference component
222. The CRF inference component 222 takes all of the can-
didates from the two levels (segment candidates 616 and
symbol candidates 614) and decides which candidates are
actual symbols and which are mis-groupings using a proba-
bilistic graphical model (a conditional random field, CRF) to
encode the relationships between the candidates. The infer-
ence and parameter estimation process is illustrated in FIG. 8
and further described below. As shown, CRF inference com-
ponent 222 includes CRF graph generation module 804 and
inference engine 806. The CRF graph generation module
receives symbol and segment candidates 614 and 616 as well
as their spatial relationships 804, and generates a CRF graph.
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The inference engine 806 uses the CRF graph and CRF
parameters 214, which are learned from training data, to
produce symbol detections 808.
Inference and Parameter Estimation
During training the system estimates the parameters 0 in a
maximum likelihood framework. The goal is to find

0*=argmax [.(0), where, following the previous literature on
CRFs (Lafferty 2001), 1(0) is defined:

1
L6) = logP(y | x, 0)— -l

Here the second term is a regularization constraint on the
norm of 0 to help avoid overfitting. 1.(6) can be optimized
with a gradient ascent procedure, calculating the gradient for
each parameter

6L0
57_‘_()-

This process requires computation of the marginals P(y, x, 0).
Since loops in the graph make exact inference intractable, one
can calculate these marginals using loopy belief propagation
(Murphy 1999), an approximate inference procedure. For
example, inference engine 806 of CRF inference component
222 may employ a randomized message passing schedule and
run the belief propagation procedure for up to 100 iterations.
For gradient ascent one can use L-BFGS (Liu and Nocedal
1989), a quasi-Newton nonlinear optimization method that
has been applied successfully to other CRF-based problems
in the past. One can use the same belief propagation proce-
dure during inference.
Real-Time Recognition
According to the present approach, an example system
takes about 1 second to classify a sketch on a 3.7 ghz proces-
sor running in a single thread. While this is likely sufficient for
real time recognition, one can take steps to make sure that the
system is fast enough to run on slower Tablet PCs. First, one
can implement an incremental recognition model that updates
the interpretation only of strokes and segments that have been
modified or added since the last pass. Second, one can make
the most time consuming step of the process, generating
features and template matches, parallel so that the system take
advantage of multi-core CPU. In an on-line user study, a 1.8
ghz Tablet PC was able to easily keep up with the users’
drawings.
Structure Generation
FIG. 10A illustrates an example structure generation com-
ponent. After choosing the final set of symbol detections 808,
the structure component 224 builds a connectivity graph
between the symbols to produce the complete molecular
structure as output structure 226. An example of this connec-
tivity process is illustrated in FIG. 10B. In this figure, the dots
located on letter symbols 1010 and bond endpoints 1012 of
sketch 12 represent connection points. The larger circles 1014
represent the inferred connections generated by an embodi-
ment of the system. The connectivity process then performs a
clustering-based analysis 1008 to determine how these points
are connected to each other. This symbol connectivity analy-
sis is based on three pairwise distance metrics:
Bond-element distance: The distance between a bond and
an element is the distance from the bond endpoint to the
nearest point in the element symbol. Embodiments
impose an additional penalty if the bond does not point
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towards the element. For hash and wedge bonds, the
direction of'the bond can be defined as the principal axis
based on PCA.

Element-element distance: The distance between two letter
symbols is defined as the distance between the two at
their closest point.

Bond-bond distance: The distance between two bonds is
defined as the distance between their respective end-
points. Embodiments impose a penalty if the bonds do
not point towards each other (e.g., if one bond is pointed
to the midpoint of the other) or if they are nearly parallel
(though parallel double bonds are technically connected
to each other, the present approach is particularly inter-
ested in determining the elements to be joined at either of
their endpoints).

As shown in FIG. 10A, the structure component 224 takes
the set of symbol detections 808 and divides them into ele-
ments 1002 (e.g., N, H, O) and bonds 1004 (straight-bonds,
hash-bonds, wedge-bonds). Structure component 224
includes direction estimation 1006 to then estimate the direc-
tion of bonds 1004 using principal component analysis. Also
included is clustering connectivity analysis 1008, which clus-
ters neighboring elements 1002 and bonds 1004 using a
domain specific distance metric to generate a complete and
connected molecular structure as output 226. This output can
then be sent to or formatted for other programs to perform
analysis, simulation, search, etc. For example, the generated
structure can be exported and rendered in a chemical drawing
program as shown at 1016 in FIG. 10B. A demonstration and
evaluation of a prototype embodiment of this system is pre-
sented in Ouyang and Davis 2011.

Embodiments according to the present approach, e.g.,
1008 in FIGS. 10A-B, use an agglomerative clustering pro-
cedure to generate the set of symbol connections. The proce-
dure iteratively merges the two nearest symbols or symbol
clusters, using the maximum distance between the entities in
the two groups as the clustering metric (i.e., complete-link).
Since as a general rule all symbols should be connected to at
least one other symbol, the system reduces the distance value
by a factor of two if there are only two symbols in the cluster.
This encourages the procedure to connect isolated symbols
first and effectively lowers the threshold for single connec-
tions. A penalty is imposed if the cluster makes connections
that violate the rules of chemical valence (e.g., connecting
three bonds to an “H”, as Hydrogen should form only one
bond).

The threshold at which to stop clustering can be set empiri-
cally (e.g., based on the bond-length estimate [.). Alterna-
tively one can train a separate classifier to predict whether or
not two clusters should be joined using the distance metrics
listed above as features (similar to the approach used in seg-
ment extraction).

FIG. 11 illustrates further details of an example apparatus
and method (see FIG. 1A) for interpreting a human-drawn
sketch in accordance with an embodiment of the invention. A
user 10 may draw a sketch 12, e.g., a chemical structure 1102,
into a user interface 1104 on a computing device 1106, such
as a tablet PC or other touch screen device. The interface
allows the user to use the same set of standard notations and
symbols, e.g., chemical bonds, elements, and groups, which
are familiar to the user and commonly used when drawing on
paper. The computing device 1106 then processes the hand-
written sketch to recognize candidate symbols and to produce
an interpretation of the sketch. The interpretation of the
sketch may be displayed 1108 to the user, e.g., on the screen
of'the tablet PC. Candidate symbols may be represented with
machine-generated symbols based upon the interpretation of
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the human-drawn sketch. Alternatively or in addition, the
interpretation of the sketch may be converted to a format that
can be exported 1110 for other tasks, such as structure analy-
sis, visualization, and database/literature search. For
example, the generated structure can be exported and ren-
dered in a chemical drawing program (e.g, CHEMDRAW), as
shown at 1112. While a chemical structure is illustrated in
FIG. 11, it should be understood that the human-drawn sketch
12 can be a chemical composition diagram, a biological com-
position diagram, an electrical schematic diagram, a
mechanical diagram, or any other science- or engineering-
based diagram for which human-drawn symbols have well-
known counterparts.

FIG. 12 is a block diagram 1200 of an example apparatus
for interpreting a human-drawn sketch in accordance with an
embodiment of the invention. The apparatus includes a pro-
cessor 1202 and may include a capture unit 1204 coupled to
the processor to capture the sketch as the sketch is being
drawn. The capture unit may, for example, include a mouse, a
digital pen, a digitizer, atablet PC, a touch pad, a touch screen,
or spatial motion sensing system. The apparatus may also
include a display unit 1206 coupled to the processor to display
the interpretation of the human-drawn sketch. The display
unit 1206 and the capture unit 1206 may be integrated, such as
in a tablet PC as illustrated in FIG. 11.

In an embodiment, the processor 1202 is configured to
determine a local metric indicating whether a candidate sym-
bol belongs to a certain classification based on a set of fea-
tures, the set of features including, as a feature, scores gen-
erated from feature images of the candidate symbol. The
processor 1202 is further configured to determine a joint
metric of multiple candidate symbols based on their respec-
tive classifications and interpret the sketch as a function of the
local and joint metrics.

FIG. 13 is a block diagram 1300 of an example apparatus
for interpreting a human-drawn sketch. The apparatus
includes a first determination module 1302 configured to
determine a local metric indicating whether a candidate sym-
bol belongs to a certain classification based on a set of fea-
tures, the set of features including, as a feature, scores gen-
erated from feature images of the candidate symbol. The
apparatus further includes a second determination module
1304 coupled to the first determination module 1302 and
configured to determine a joint metric of multiple candidate
symbols based on their respective classifications. Further yet,
the apparatus includes an interpretation module 1306 coupled
to the first and second determination modules 1302 and 1304
and configured to interpret the sketch as a function of the local
and joint metrics. The interpretation module can include a
representation module 1308 configured to represent the can-
didate symbols with machine-generated symbols based upon
the interpretation of the human-drawn sketch.

As described elsewhere herein, the human-drawn sketch
can include a plurality of strokes. As shown in FIG. 13, the
apparatus may further include a generation module 1310
coupled to at least the first determination module 1302 and
configured to generate each candidate symbol based onone or
more of'the strokes. The generation module 1310 may include
a segmentation module 1312 configured to divide the strokes
in the human-drawn sketch into line segments at corner
points. The segmentation module 1312 may include a train-
able corner detector 1314 configured to detect the corner
points and trained so that the line segments correspond to
user-intended symbols.

The scores can include match scores, as described above,
and the apparatus may further include a comparison module
1316 configured to compare the feature images against a set
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of'stored templates to determine the match scores. The appa-
ratus may include a smoothing module 1318 coupled to the
comparison module 1316 and configured to smooth the fea-
ture images. The apparatus may include a downsampling
module 1320 coupled to the comparison module 1316 and
configured to down sample the feature images. Also included
may be a stretching module 1322 coupled to the comparison
module 1316 and configured to stretch the feature images.
Further, the apparatus may include a dimensionality reduc-
tion module 1324 coupled to the comparison module and
configured to reduce the dimensionality of the feature images.

In some embodiments, the apparatus includes a capture
module 1326 coupled to at least the first determination mod-
ule 1302 and configured to capture the sketch as the sketch is
being drawn. In some embodiments, the apparatus further
includes a display module 1328 coupled to the interpretation
module and configured to display the interpretation of the
human-drawn sketch.

FIG. 14 is a block diagram 1400 of an example apparatus
for detecting corners in a stroke of a hand-drawn sketch in
accordance with an embodiment of the invention. The appa-
ratus includes a first determination module 1402 configured
to calculate, for each vertex in a set of vertices of a stroke, a
likelihood metric that the vertex is a corner. The apparatus
further includes an identification module 1404 and a classi-
fication module 1406. The identification module 1404 is
coupled to the first determination module 1402 and config-
ured to identify a least likely vertex based on its likelihood
metric. The classification module 1406 is coupled to the iden-
tification module 1404 and configured to classify the least
likely vertex using segmentation parameters learned from
training data. Also included is a second determination module
1408 coupled to the classification module and configured to
determine whether the least likely vertex is classified as a
corner.

As illustrated in FI1G. 14, the apparatus may further include
an output module 1410 and a removal module 1412. The
output module 1410 is coupled to the second determination
module 1408 and configured to, if the least likely vertex is
classified as a corner, return all vertices remaining in the set of
vertices as corners 1418. The removal module 1412 is
coupled to the second determination module 1408 and con-
figured to, ifthe least likely vertex is not classified as a corner,
remove the least likely vertex from the set of vertices and
repeat the processing of the first determination module, the
identification module, the classification module and the sec-
ond determination module. The classification module 1406
may be configured to apply the segmentation parameters
1414 learned from the training data to a set of features. The
output model may include a segmentation module 1416 con-
figured to split the stroke at the corners into line segments
1420.

FIG. 15 is a block diagram 1500 of an example apparatus
for generating match scores in accordance with an embodi-
ment of the present invention. The apparatus for generating
match scores includes a comparison module 1502, a determi-
nation module 1504, and a conversion module 1506. The
comparison module is configured to compare feature images
1508 of a candidate symbol against a set of stored templates
1510. The determination module 1504 is coupled to the com-
parison module 1502 and configured to determine match
distances of the feature images to nearest template neighbors
based on the comparison. The conversion module 1506 is
coupled to the determination module 1504 and configured to
convert the match distances into match scores 1512.

Embodiments of the present invention may be imple-
mented in a variety of computer architectures. The tablet PC
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of FIG. 11 is for purposes of illustration and not a limitation
of'the example embodiments. The embodiments can take the
form of an entirely hardware embodiment, an entirely soft-
ware embodiment or an embodiment containing both hard-
ware and software elements. In a preferred embodiment, the
invention is implemented in software, which includes but is
not limited to firmware, resident software, microcode, etc.

Furthermore, some embodiments of the invention can take
the form of a computer program product accessible from a
non-transient computer-usable or computer-readable
medium providing program code for use by or in connection
with a computer or any instruction execution system. For the
purposes of this description, a computer-usable or computer
readable medium can be any apparatus that can contain, store,
communicate, propagate, or transport the program for use by
or in connection with the instruction execution system, appa-
ratus, or device.

Other Embodiments:

While the above examples focus on chemical diagrams,
embodiments of this approach have been used to interpret
electrical circuit diagrams, such as those shown in FIGS. 16A
and 16B. For example, an embodiment correctly recognized
components of hand-drawn circuit sketch 1600 (FIG. 16A),
such as grounds 1602, ac-source 1604, resistors 1606, capaci-
tor 1608, and JFET 1610, including their interconnections.
Similarly, correctly identified components in hand-drawn
sketch 1620 (FIG. 16B) include resistors 1606, voltage source
1612, and current source 1614. Embodiments of the present
approach can interpret hand-drawn electrical circuits (e.g.,
those shown in FIGS. 16 A-B) which show significant draw-
ing variations, such as overtracing and pen drag. Other
sketching domains that may benefit from this approach
include flow-charts, Unified Modeling Language (UML) dia-
grams, business process diagrams, etc.

An alternative architecture is to train an independent clas-
sifier at each level, then use some type of voting scheme to
combine the predictions (see Ouyang and Davis NIPS 2009).
That approach may provide faster training and inference, but
by treating each layer in isolation it ignores any joint depen-
dencies between features at different levels. Second, it
requires the designer to specify a weighting scheme for each
layer either manually or by some separate learning process.

Embodiments may also include information at other levels
of detail in addition to segments and candidate symbols. This
may improve accuracy in certain domains at the cost of com-
putational complexity. One such embodiment, presented in
Ouyang and Davis 2011, includes a third recognition level
consisting of ink points sampled from the strokes in the sketch
as part of the recognition process.
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The teachings of all patents, published applications and
references cited herein are incorporated by reference in their
entirety.

While this invention has been particularly shown and
described with references to example embodiments thereof, it
will be understood by those skilled in the art that various
changes in form and details may be made therein without
departing from the scope of the invention encompassed by the
appended claims.

What is claimed is:

1. A method of detecting corners in a stroke of a hand-
drawn sketch, the method comprising:

by a processor,

for each vertex in a set of vertices of a stroke, calculating a
likelihood metric that the vertex is a corner;

identifying a least likely vertex based on its likelihood
metric;

classifying the least likely vertex using segmentation
parameters learned from training data;

determining whether the least likely vertex is classified as
a corner;

if the least likely vertex is classified as a corner, the method
further comprises returning all vertices remaining in the
set of vertices as corners; and

if the least likely vertex is not classified as a corner, the
method further comprises removing the least likely ver-
tex from the set of vertices and repeating the calculating,
identifying, classifying, and determining.

2. The method according to claim 1, wherein the likelihood
metric includes a measure of a cost of removing the vertex
from the set of vertices.

3. The method according to claim 1, wherein classifying
the least likely vertex comprises applying the segmentation
parameters learned from the training data to a set of features.

4. The method according to claim 3, wherein the set of
features includes, as a feature, the likelihood metric.

5. The method according to claim 3, wherein the set of
features includes any of a measure of a diagonal length, a
measure of ink density, a measure of the distance to the farther
of two neighboring vertices, a measure of the nearer of the
two neighboring vertices, and a measure of the sum of the
distances to the two neighboring vertices.

6. The method according to claim 1, further comprising
splitting the stroke at the corners into line segments.

7. An apparatus for detecting corners in a stroke of a hand-
drawn sketch, the apparatus comprising, in a processor:

a first determination module configured to calculate, for
each vertex in a set of vertices of a stroke, a likelihood
metric that the vertex is a corner;

an identification module coupled to the first determination
module and configured to identify a least likely vertex
based on its likelihood metric;

a classification module coupled to the identification mod-
ule and configured to classify the least likely vertex
using segmentation parameters learned from training
data;
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a second determination module coupled to the classifica-
tion module and configured to determine whether the
least likely vertex is classified as a corner;

an output module coupled to the second determination
module and configured to, if the least likely vertex is
classified as a corner, return all vertices remaining in the
set of vertices as corners; and

a removal module coupled to the second determination
module and configured to, if the least likely vertex is not
classified as a corner, remove the least likely vertex from
the set of vertices and repeat the processing of the first
determination module, the identification module, the
classification module and the second determination
module.

8. The apparatus according to claim 7, wherein the classi-
fication module is further configured to apply the segmenta-
tion parameters learned from the training data to a set of
features.

9. The apparatus according to claim 7, wherein the output
model includes a segmentation module configured to split the
stroke at the corners into line segments.

10. A method of generating match scores comprising:

by a processor,

comparing feature images of a candidate symbol against a
set of stored templates;

determining match distances of the feature images to near-
est template neighbors based on the comparison; and

converting the match distances into match scores.

11. The method according to claim 10, wherein the stored

templates are derived from training data.

12. The method according to claim 11, wherein the stored
templates include feature images of symbols identified in the
training data.

13. The method according to claim 10, wherein the match
distances are Euclidian distances.

14. The method according to claim 10, wherein the set of
stored templates comprises classes of templates.

15. The method according to claim 14, wherein determin-
ing match distances comprises determining a match distance
to a nearest template neighbor in each class of templates.

16. The method according to claim 10, wherein determin-
ing match distances comprises using principal component
analysis to calculate principal components of the feature
images, and wherein the match distances are determined
based on the principal components of the feature images.

17. An apparatus for generating match scores comprising,
in a processor:

a comparison module configured to compare feature
images of a candidate symbol against a set of stored
templates;

a determination module coupled to the comparison module
and configured to determine match distances of the fea-
ture images to nearest template neighbors based on the
comparison; and

a conversion module coupled to the determination module
and configured to convert the match distances into match
scores.

18. The apparatus according to claim 17, wherein the

stored templates are derived from training data.

19. The apparatus according to claim 17, wherein the
stored templates include feature images of symbols identified
in the training data.

20. The apparatus according to claim 17, wherein the
match distances are Euclidian distances.

21. The apparatus according to claim 17, wherein the set of
stored templates comprises classes of templates.
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22. The apparatus according to claim 21, wherein the deter-
mination module is further configured to determine a match
distance to a nearest template neighbor in each class of tem-
plates.

23. The apparatus according to claim 17, wherein the deter-
mination module is further configured to use principal com-
ponent analysis to calculate principal components of the fea-
ture images, and wherein the match distances are determined
based on the principal components of the feature images.

24. A method of detecting corners in a stroke of a human-
drawn sketch, the method comprising:

capturing a representation of a stroke of a human-drawn

sketch being drawn by a user via an input mechanism
into a user-interface, the captured stroke being repre-
sented by a set of vertices, the user interface allowing the
user to use a set of notations and symbols that are com-
monly used when drawing on paper;

for each vertex in the set of vertices of the stroke, calculat-

ing a likelihood metric that the vertex is a corner;
identifying a least likely vertex based on its likelihood
metric;

classifying the least likely vertex using segmentation

parameters learned from training data;
determining whether the least likely vertex is classified as
a corner;

if the least likely vertex is classified as a corner, the method
further comprises returning all vertices remaining in the
set of vertices as detected corners; and

if the least likely vertex is not classified as a corner, the

method further comprises removing the least likely ver-
tex from the set of vertices and repeating the calculating,
identifying, classifying, and determining.

25. The method according to claim 24, wherein capturing
the representation of the stroke of the human-drawn sketch
includes capturing and recording spatial and temporal occur-
rences of the stroke as the sketch is being drawn.

26. The method according to claim 24, further comprising
causing the user interface to display to the user an interpre-
tation of the human-drawn sketch based on the detected cor-
ners.
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27. The method according to claim 26, wherein the input
mechanism is integrated with a display that displays the user
interface.

28. An apparatus for detecting corners in a stroke of a
human-drawn sketch, the apparatus comprising:

an input mechanism that effectuates capturing of a repre-

sentation of a stroke of a human-drawn sketch being
drawn by a user into a user-interface, the captured stroke
represented by a set of vertices, the user interface allow-
ing the user to use a set of notations and symbols that are
commonly used when drawing on paper; and

a processor coupled to the input mechanism, the processor

configured to:

for each vertex in the set of vertices of the stroke, calcu-
late a likelihood metric that the vertex is a corner;

identify a least likely vertex based on its likelihood met-
ric;

classify the least likely vertex using segmentation
parameters learned from training data;

determine whether the least likely vertex is classified as
a corner;

if the least likely vertex is classified as a corner, the
method further comprises returning all vertices
remaining in the set of vertices as detected corners;
and

if the least likely vertex is not classified as a corner, the
method further comprises removing the least likely
vertex from the set of vertices and repeating the cal-
culating, identifying, classifying, and determining.

29. The apparatus according to claim 28, wherein the input
mechanism effectuates capturing and recording of spatial and
temporal occurrences of the stroke as the sketch is being
drawn.

30. The apparatus according to claim 28, wherein the pro-
cessor is further configured to cause the user interface to
display to the user an interpretation of the human-drawn
sketch based on the detected corners.

31. The apparatus according to claim 30, further compris-
ing a display integrated with the input mechanism and
coupled to the processor, the display displaying the user inter-
face.



